Abstract-Although the double-bound (DB) format for the discrete choice contingent valuation method (CVM) has the benefit of higher efficiency in welfare benefit estimates than the single-bound (SB) discrete choice CVM, it has been subject to criticism due to evidence that some of the responses to the second bid may be inconsistent with the responses to the first bid. As a means to reduce the potential for response bias on the follow-up bid in multiple-bound discrete choice formats such as the DB model while maintaining much of the efficiency gains of the multiplebound approach, we introduce the one-and-one-half-bound (OOHB) approach and present a real-world application. In a laboratory setting, despite the fact that the OOHB model uses less information than the DB approach, the efficiency gains in moving from SB to OOHB capture a large portion of the gain associated with moving from SB to DB. Utilizing distribution-free seminonparametric estimation techniques on a splitsurvey data set, our OOHB estimates demonstrated higher consistency with respect to the follow-up data than the DB estimates and were more efficient as well. Hence, OOHB may serve as a viable alternative to the DB format in situations where follow-up response bias may be a concern.
I. Introduction
W HEN measuring respondents' willingness to pay (WTP) for an item, most designers of contingent valuation (CV) studies have switched in recent years from using an open-ended format in which respondents are asked how much they would be willing to pay for the item to a closed-ended format in which they are asked whether or not they would be willing to pay some specified price. The closed-ended format was first introduced by Bishop and Heberlein (1979) , who used what is now known as the single-bounded (SB) version in which each subject is presented with a single monetary amount, the amount being varied across respondents. Hanemann, Loomis, and Kanninen (1991)-henceforth, HLK-introduced a variant, the double-bounded (DB) format, in which the subjects are presented with a price as in the SB approach, but after responding they are presented with another price and asked whether they would also be willing to pay that amount. The second price is set on the basis of the subject's response to the first price. If the subject responds "yes" the first time, the second price is some amount higher than the first price; if the initial response is "no," the second price is some amount lower. HLK showed analytically that the extra information gained from the follow-up question makes the DB estimates more efficient than the SB estimates, and they presented an empirical application in which this efficiency gain was quite large-for virtually no extra survey cost, there was a significant improvement in the precision of the estimated WTP distribution. Given the estimated distribution, it was apparent ex post that the initial prices in that survey had been chosen poorly and were quite far from optimal; but HLK found that the second prices counteracted this and provided effective insurance against the poor selection of an initial price.
Because of its statistical efficiency, the DB approach has gained in popularity and is now often favored over the SB approach. At the same time, however, it has aroused controversy because of evidence that responses to the first price may sometimes be inconsistent with the responses to the second, with the latter revealing a lower WTP McFadden and Leonard, 1993; Cameron and Quiggin, 1994; Kanninen, 1995; Herriges and Shogren, 1996; DeShazo, 2000) . Several explanations have been proposed for the anomaly. Carson et al. (1992) suggest an explanation based on cost expectations: a respondent who said "yes" to the initial price sees the second price as a price increase, which he rejects; a respondent who said "no" and is then offered a lower price may suspect that an inferior version of the item will be provided, which he also is disposed to reject. Altaf and DeShazo (1994) suggest that the second bid converts what had seemed to be a straightforward postedprice market into a situation involving bargaining; if this is bargaining, the respondent should say no in order to drive the price down. DeShazo (2000) offers a prospect-theory explanation involving loss aversion and framing on the first price.
Existing applications of the DB approach all use scenarios where the respondent is not told ahead of time that she will be confronted with a second price; the interview focuses mainly on the first price, and the second price comes as something of a surprise when introduced at the end. We suspect that this surprise may be the root cause of the discrepancy in the responses to the two prices. To remedy this, we propose an alternative survey design in which the respondent is given two prices up front and told that, while the exact cost of the item is not known for sure, it is known to lie within the range bounded by these two prices. 1 One of the two prices is selected at random, and the respondent is asked whether she would be willing to pay this amount; she is then asked about the other price only if doing so would be consistent with the stated price range. For example, if the lower of the two prices was selected initially and she says "yes" to this, she is then asked whether she would be willing to pay the higher price; but if she says "no" to the lower price, there is no follow-up question, because that would go below the stated price range. We believe that eliminating the element of surprise has the potential to remove discrepancies in the responses to the two valuation questions, but it comes at the cost of not always being able to ask the second valuation question: the second question will be appropriate half the time, on average, but not the rest of the time. Hence, we refer to this as the one-and-one-half-bound (OOHB) format.
Two issues arise in assessing this proposed new survey format: does it actually lessen or remove the discrepancy in survey responses to the two prices, and how large is the cost in reduced statistical efficiency relative to the DB format? The first is an empirical question that can be answered only through actual survey experience. The second one can be answered analytically by comparing the statistical properties of the OOHB WTP estimator with those of the DB and SB estimators. Both questions are addressed in this paper.
The remainder of the paper is organized as follows. Section II formally describes the likelihood functions associated with SB, DB, and OOHB formats, analytically characterizes the asymptotic efficiency of OOHB relative to SB and DB, and identifies the optimal design of prices for use in a OOHB survey. At each point, we compare the new results for OOHB with the existing results in the literature for the SB and DB formats. Section III presents an empirical comparison based on a split-sample CV survey conducted in Italy using the OOHB and DB formats. Our conclusions are summarized in section IV.
II. Analytical Comparison of the Survey Formats
In the SB format, the i th respondent is asked if she would be willing to pay some given amount B* i (henceforth we refer to this as the bid) to obtain, say, a given improvement in environmental quality. The probability of a "yes" [a "no"] 
, can be cast in terms of a random utility-maximizing choice by the respondent. Let C i be the individual's true maximum WTP for the item that is the subject of the survey. This can be a function of economic variables, such as the respondent's income and the prices of commodities that are complements or substitutes for the item in question; demographic and attitudinal variables, such as the respondent's age or sex, or whether or not the respondent is an environmentalist; and possibly other variables relating to the item being valued. We subsume all such variables in a vector X i . Also, by virtue of the random utility framework, the individual's WTP is a random variable from the point of view of the econometric observer, reflecting individual variation in preferences and unobserved variables, or measurement error in the observed variables. Thus, while the individual knows her own WTP C j , to the observer it is a random variable with a given cumulative distribution function (cdf) denoted G(C i ; ), where represents the parameters of the distribution, which are to be estimated on the basis of the responses to the CV survey. The parameters will be functions of the variables in X i , but this is left implicit in G(C i ; ). For example, there can be a mean of the WTP distribution which depends on covariates, ϭ X␤, and a variance, 2 . In this case, ϭ (␤, 2 ). Then, as noted by Hanemann (1984) , the response probabilities are related to the underlying WTP distribution by
The resulting log-likelihood function for the responses to a CV survey using the SB format is 2
where d i Y ϭ 1 if the i th response is "yes" and 0 otherwise, whereas d i N ϭ 1 if the i th response is "no" and 0 otherwise. The maximum likelihood estimator (MLE), denoted SB , is the solution to the equation ‫ץ‬ ln L SB () SB ‫ץ/‬ ϭ 0. This estimator is consistent (though it may be biased in small samples) and asymptotically efficient. Thus, the asymptotic variance-covariance matrix of SB is given by the CramerRao lower bound
where I SB ( SB ) is the information matrix associated with the SB format. The DB format starts with an initial bid B i 0 . If the respondent answers "yes," she receives a follow-up bid B i U Ͼ B i 0 ; if she answers "no," she receives a follow-up bid B i D Ͻ B i 0 . Thus, there are four possible outcomes: (yes, yes), (yes, no), (no, yes), and (no, no) . In terms of the random utility-maximizing model given above, the corresponding response probabilities are
The log likelihood function for the responses to a CV survey using the DB format is (5).
We now propose the OOHB format, in which the respondent is presented with a range
One of these two prices is selected at random, and the respondent is asked whether she would be willing to pay that amount. She is asked about the second price only if that is compatible with her response to the first price. If the lower price, B i Ϫ , is randomly drawn as the starting bid, the three possible response outcomes are (no), (yes, no), and (yes, yes); we denote the corresponding response probabil-
If the higher price, B i ϩ , is randomly drawn as the starting bid, the possible response outcomes are (yes), (no, yes) and (no, no). We denote the corresponding response probabilities by i
Let d i N ϭ 1 if either the starting bid is B i Ϫ and the response is (no) or the starting bid is B i ϩ and the response is (no, no), and 0 otherwise; let d i YN ϭ 1 if either the starting bid is B i Ϫ and the response is (yes, no) or the starting bid is B i ϩ and the response is (no, yes), and 0 otherwise; and let d i YY ϭ 1 if either the starting bid is B i Ϫ and the response is (yes, yes) or the starting bid is B i ϩ and the response as (yes), and 0 otherwise. Then the log likelihood function for the response to a CV survey using the OOHB format is
We denote the resulting MLE by OOHB ; the associated information matrix I OOHB ( OOHB ) is equal to minus the expectation of the Hessian of the maximized log likelihood function in equation (7). With the OOHB survey format, because the respondent is told about the possible range of costs at the beginning of the survey, we believe she is less likely to form false cost expectations, enter into a bargaining mind-set, or experience loss aversion when responding to the follow-up bid. Consequently, we hypothesize that there is less likely to be a discrepancy between the responses to the first and second bids with the OOHB format than with the DB format. This is tested in an empirical application to be presented in section III. However, as noted above, the OOHB format gathers less information per respondent than the DB format, and consequently entails some loss of statistical efficiency relative to the DB format. We address the efficiency loss analytically in the remainder of this section.
The analytical comparison of efficiency is based on the information matrices. HLK assessed the efficiency of the DB format relative to the SB format using the difference in the information matrices,
They note that the comparison of efficiency depends inevitably on the specific bids used with each format. If the bids are different, one cannot generally determine which format is the more efficient; for example, it could happen that the SB format with an good choice of bid B* i is more efficient than the DB format with a bad choice of initial bid B i 0 . However, if the initial bid in the DB format is the same as the SB bid (B* i ϭ B i 0 ), HLK show that ⌬(DB/SB) ϭ ¥ i N ⌬ i , where
and where
) are positive scalars, and A and W are vectors given by
). Because both AAЈ and WWЈ are positive semidefinite matrices, it follows that I DB ( DB ) Ն I SB ( SB ) and V DB ( DB ) Յ V SB ( SB ): thus DB is asymptotically more efficient than SB .
In the case of OOHB, there are two efficiency comparisons-a comparison of OOHB with SB, and a comparison of DB with OOHB. Define
and
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where ⌬(OOHB/SB) ϭ ¥ i N ⌬Ј i , say, and ⌬(DB/OOHB) ϭ ¥ i N ⌬ Љ i . The overall efficiency comparison in equation (8) can be decomposed into the sum of these two comparisons
As with equation (8), the efficiency comparisons in equations (10a) and (10b) 
Hence, although the OOHB format was unknown at the time, the two positive semidefinite matrices in HLK's formula (9) for the efficiency gain of DB over SB turn out to measure, respectively, the efficiency gain of OOHB over SB and the efficiency gain of DB over OOHB. Which of these gain matrices is larger-the gain from OOHB over SB or that from DB over OOHB-cannot be determined in general. However, some specific results emerge when the formats are compared in the context of optimal bid design. The existing literature focuses mainly on the criterion of locally D-optimal design, based on maximizing the determinant of the information matrix, and deals with the special case where the WTP distribution takes the form of a two-parameter logistic distribution
in this case, ϵ (␣, ␤) and E{C} ϭ median{C} ϭ ␣/␤. For the SB format, Minkin (1987) shows that, when the number N of observations is even, the determinant of the information matrix I SB ( SB ) corresponding to the logistic model (14) is maximized when half of the bid values satisfy Ϫ␣ ϩ ␤B ϭ 1.5434 and the other half satisfy Ϫ␣ ϩ ␤B ϭ Ϫ1.5434. Thus, given a preliminary estimate of ␣ and ␤, the optimal SB design is a two-point design, B ϭ (␣ Ϯ 1.5434)/␤, which is symmetric about the median of the WTP distribution. With this optimal design, Minkin shows that the resulting value of the determinant of the information matrix is
For the DB format, Kanninen (1995) shows that the determinant of the information matrix I DB ( DB ) corresponding to the two-parameter logistic model (14) is maximized with a three-point design where the first bid is the median of the WTP distribution, ␣/␤, and the two follow-up bids are B ϭ (␣ Ϯ 1.5434)/␤. With this optimal design, Kanninen shows that the resulting value of the determinant of the information matrix is
approximately a fivefold improvement over its value with the optimal SB bid in equation (15). For the OOHB format with the two-parameter logistic WTP distribution in equation (14) 
This is maximized numerically, leading to an optimal value of w ϭ 1.46745. The resulting value of the determinant of the information matrix is
Comparing equations (15), (16), and (18), when one uses D-optimal bids the OOHB formal captures the majority share (68%) of the gain in efficiency associated with the DB format; the gain in switching from SB to OOHB significantly outweighs the gain in switching from OOHB to DB. 5 By construction, this theoretical analysis has focused on the statistical implications of alternative CV elicitation procedures with regard to the additional information gained from further questioning. The other consideration is the cognitive implications: can the sequence of presenting information to survey respondents create cost expectations, convey an impression of bargaining, or induce a framing that influences the survey responses? To investigate these issues, we turn to an empirical field experiment. The theoretical analysis suggests that the loss of statistical efficiency 3 Details of the proof are available from the authors. 4 The derivation is available from the authors. 5 The analytical comparisons of alternative survey formats presented in section III involve asymptotic results that hold for large samples. Because of the high cost of data collection, researchers often have to work with quite small samples. With these finite samples, the actual experience with the alternative survey formats could turn out to be quite different from what an asymptotic analysis suggests. To investigate this, we performed a Monte Carlo simulation comparing the relative performance of WTP estimates derived from realistic-size samples using the SB, DB, and OOHB formats. The simulation results showed that most efficiency gain came in moving from SB to OOHB and suggested that the increased follow-up questioning of the DB format relative to OOHB can make it more vulnerable to some forms of specification error, to the point where it yields either no performance gain over OOHB or even slightly worse performance, as measured in terms of MSE. A detailed discussion of the Monte Carlo study is available from the authors. from using OOHB instead of DB may be small or negligible. What remains to be determined is whether, in the field, OOHB succeeds in reducing or eliminating the discrepancy in the survey responses to the follow-up valuation question.
III. A Field Test of the OOHB Format
We present here the results of a CV survey conducted in Italy to value Cava Grande del Cassibile, a Regional Nature Reserve run by the Italian Forest Service in southeast Sicily, near Syracuse. The survey was conducted by the Università degli Studi di Catania in June-September 1995 and 1996 and took the form of on-site interviews of adult visitors (aged 18 or over) as they left the Reserve. Access to the Reserve is currently free; in the CV surveys, respondents were asked whether they would be willing to pay a charge for admission. The survey involved a split-sample experiment between the DB and OOHB elicitation formats, with random assignment between formats and N ϭ 400 for each format. 6 In the DB version, respondents were asked "If the price of an admission to the Reserve were B 0 , would you purchase it?" with the subsequent follow-up "And, if the price of an admission were B U , would you still buy it?" or "And if the price were B D instead, would you buy it?" In the OOHB version, respondents were first told that "the price of admission to the Reserve will be somewhere in the range of B Ϫ to B ϩ line." One of the prices was selected at random, and the respondent was asked "If the price of this admission were [selected price], would you buy it?" with a follow-up question using the other price where this was logical. Different prices were randomly assigned across subjects. 7 These prices were derived on the basis of a pretest of 130 open-ended DB surveys, using the bid design approach in Cooper (1993). 8 To analyze the responses to the DB and OOHB surveys, we used both a parametric approach, based on the logistic and log-logistic WTP distributions in equations (14) and (20), and a seminonparametric distribution-free (SNPDF) approach, first applied to SB data by Creel and Loomis (1997) and extended here to DB and OOHB data. 9 The reason for the SNPDF approach is to reduce the sensitivity of our econometric analysis to specific parametric assumptions regarding the form of the WTP distribution. In the event, the two approaches produced similar results. For brevity, only the SNPDF results are presented here; the parametric results are available from the authors.
A simple way to motivate the SNPDF approach is to observe that, with the logistic WTP distribution (14), the CV response probabilities corresponding to, say, equations (1a), (4b), and (6b) take the form
where
is the standard logistic cdf, and
is what Hanemann (1984) calls a utility difference function, which is increasing in the bid price B. The SNPDF approach retains the logistic cdf in the response probabilities such as those in equations (1aЈ), (4bЈ) and (6bЈ), but replaces the linear utility difference with a Fourier flexible form (see, for example, Gallant, 1982) where (omitting the quadratic term as in Loomis and Creel)
where the vector x contains all arguments of the utility difference model, A and J are positive integers, and k ␣ are vectors of positive and negative integers that form indices in the conditioning variables, after shifting and scaling x to s(x). 10 There exists a coefficient vector such that, as the sample size becomes large, ⌬V(x) in equation (20) can be 6 Due to a missing survey, the actual sample size for the OOHB survey is 399. 7 The bids sets (in thousands of lire) are, in order {B 0 , B D and B Ϫ , B U and B ϩ }: {0.5, 0.25, 2}, {2, 0.5, 3}, {3, 2, 4}, {4, 3, 5}, {5, 4, 6}, {6, 5, 7}, {7, 6, 8}, {8, 7, 9}, {9, 8, 10}, {10, 9, 11}, {11, 10, 12}, {12, 11, 14}, {14, 12, 30}, where the OOHB bids are {B Ϫ , B ϩ } and the DB bids are {B 0 , B D , B U }. At the time of the survey, 1 U.S.$ Ϸ 1,600 lire. 8 In the absence of response bias in the follow-up, we would expect that for any bid B, Pr(yes to B yes to A) Ͼ Pr(yes to B ͉ B ϭ first bid), where A Ͻ B, given that Pr(yes to B͉yes to A) ϭ Pr(yes to B)/Pr(yes to A) and 0 Ͻ Pr(yes to B) Ͻ Pr(yes to A) Ͻ 1. However, because respondents may feel exploited when an initial "yes" is followed by a higher price, we may see the biased condition Pr(yes͉yes) Ͻ Pr(yes͉first). In a table that is available from the authors, we make nonparametric comparisons of Pr(yes͉yes) and Pr(yes͉first). To calculate these probabilities nonparametrically requires that some respondents' B U (B ϩ ) equal other respondents' B 0 (B Ϫ ). For our data, the follow-up bids were in fact chosen in this manner. The results show that in most instances, Pr(yes͉yes) Ͻ Pr(yes͉first) for both DB and OOHB, but a little less so for the latter. However, the DB results indicate the ratio of Pr(yes͉yes) to Pr(yes͉first) is substantially lower at the upper bid levels, whereas the for the OOHB approach the correlation between the ratio and the bid size is low. Hence, there seems to be some evidence that respondents to the DB survey are indeed annoyed by being asked a higher bid after saying "yes" to the initial bid, particularly at the higher bid-values. The sample size requirements are high for testing the equality of nonparametric measures such as these, and ours was insufficient at each bid level to adequately perform statistical comparisons of these probabilities. Hence, we develop the parametric tests in tables 1 and 2 to assess the bias in the follow-up response.
9 Chen and Randall (1997) present an alternative model for SB data similar to that of Creel and Loomis; their model could be extended to DB and OOHB data in the same manner.
10 In addition to appending x␤ to the Fourier series in equation (20), Gallant suggests appending quadratic terms when modeling nonperiodic functions. Our experiments suggest that inclusion of the quadratic terms as made arbitrarily close to a continuous unknown utility difference function for any value of x. In our particular specification, the bid price is the only explanatory variable, so that k ␣ is a (1 ϫ 1) unit vector and max( A) equal 1. We choose the same value for integer J as do Creel and Loomis, leading to
where s(B) prevents periodicity in the model and is a function that shifts and scales the variable to lie in the interval [0, 2) (Gallant) . 11 Specifically, the variable is scaled by subtracting its minimum value, then dividing by the maximum value, and then multiplying the resulting value by 2 Ϫ 0.00001, which produces a final scaled variable in the interval [0, 2 Ϫ 0.0001]. When ␦ v ϭ ␦ w ϭ 0, equation (21) reduces to equation (19) with ␦ ϭ ␤ and ␥ ϭ Ϫ␣: the logistic WTP model is nested within the SPNDF model. The four coefficients in the utility difference function (22) are estimated by maximum likelihood, using the log likelihood function in equation (5) for the DB data and response probabilities consisting of equation (4b) and the analogs to equations (4a, c, d), and using the log likelihood function in equation (7) for the OOHB data and response probabilities consisting of equation (6bЈ) and the analogs to equation (6a, c). 12 Given the coefficient estimates, the median of the implied SNPDF WTP distribution is the quantity C* that satisfies 0.5 ϭ G͑C*; ͒ ϵ F͓⌬V͑C*͔͒.
Since the standard logistic has a median of zero, C* solves
The coefficient estimates from the Cava Grande surveys are presented in table 1; the coefficient estimates from the DB data are shown in the second column, and those from the OOHB are shown in the sixth column. Also shown are the coefficient estimates obtained when one takes the response to the first valuation question in the DB or OOHB surveys and fits an SB model, using the utility difference function in equation (21), the log likelihood function in equation (2), and the response probabilities consisting of equation (1aЈ) and the analog to equation (1b). The SB coefficient estimates from the DB data are shown in the first column of table 1; those from the OOHB data are shown in the fifth column of table 1. The remaining columns in table 1 show the results when the second responses in the DB and OOHB surveys are selectively discarded-discarding the second responses whenever they involve either a higher follow-up bid (third and seventh columns) or a lower follow-up bid (fourth and eighth columns).
Of particular interest in Table 1 is the comparison of the log likelihoods of the regressions (the ln L row in the table) with the ln L R row, which has the log likelihood values for the regressions with the coefficients ␦ v and ␦ w restricted to 0, that is, a standard linear random utility model (RUM). Since the latter is nested in the former, likelihood ratio tests, LR ϭ 2(ln L Ϫ ln L R ) with critical value 2 (2, 0.05) ϭ 5.99, can be used to compare the models. Note in particular that restricted and unrestricted DB.1 and DB.3 regressions are statistically different from at each other at the 5% level. While in any single SNPDF regression the effects of naysaying or yea-saying in the follow-up response cannot be separately identified from other factors such as sample design or specification of the RUM, analysis of the four DB regressions suggests that the responses to the upper bids are not consistent with the responses to the first bid.
Firstly, the null hypothesis that the coefficients ␦ v and ␦ w equal 0 is not rejected for the DB.SB regression whereas it is for DB.1, DB.2, and DB.3, suggesting that it is the follow-up bids, and not necessarily the linear RUM specification, that is driving the difference. Secondly, the two coefficient restrictions are just barely rejected in DB.2, but are strongly rejected in DB.3, suggesting that the lowerbound data remaining in the DB.2 regression are having well in the regressions had little on the WTP estimates. Hence, we leave them out for the sake of efficiency.
11 With 13 unique bid values in our data set, our specification permits max( J) ϭ 5 to avoid singularity in the regression results. For our data, since increasing J to values above 1 yielded little change in the regression results, J ϭ 1 appears to provide the best balance in the tradeoff between bias and efficiency. 12 The GAUSS program for performing the maximization is available from the authors. little effect on the regression results, while the upper-bound data remaining in the DB.3 regression are having a significant effect. For the OOHB data, on the other hand, all the likelihood ratio values are less than the critical value, suggesting that the follow-up bids are not introducing bias into the model. As the regression results for the OOHB data demonstrate, the OOHB regressions appear to be notably less sensitive to the inclusion or exclusion of either the lower or upper bids. This result should not be particularly surprising, given that the OOHB model utilizes less information on follow-up bids than does the DB. For instance, it could be that the DB model is not fitting itself well to the bid design structure imposed on it, regardless of whether the follow-up responses are biased or not. The OOHB result may also be influenced by the fact that the bid range is announced to the respondent before the CVM question, thereby reducing response bias. These two possibilities are not separately identifiable with the available data sets. 13 Because it is the welfare measures, and not the coefficient estimates, that are generally of primary interest, it is useful to compare the estimated welfare measures in table 2 that are derived from the different regressions. Furthermore, because the welfare measure are nonlinear functions of the coefficients, the observations from the coefficient analysis above may not hold for the welfare estimates. For panel A, we calculate an E(WTP) function that is sometimes referred to as a spike model. Suppose one wants to allow for indifference-with some positive probability, the individual has a zero WTP for the change in q. Indifference is equivalent to a probability mass, or spike, at C ϭ 0. A CDF satisfying C ʦ [0, ϱ] with a spike at B ϭ 0 is
where ⌬V(B) is from equation (21), and the point estimates of mean WTP (first row of the table) are calculated by integrating this density function between B ϭ 0 and ϱ (Cooper, 2001 ). 14 The sixth row gives the standard errors associated with these point estimates, derived via the jackknife method with 1,000 repetitions in each case. 15 The empirical 95% confidence intervals for median WTP based on the jackknife output are shown in the fourth and fifth rows. The second and third rows gives Efron's (1987) bias-corrected accelerated (BCa) 95% confidence intervals, which adjust the jackknife output for potential nonnormalities. Panel B presents the WTP results for the median measure, calculated using equation (23) 14 For practical purposes, the upper limit of this numerical integration is some value that drives Pr{yes} to near zero. In our case, the highest bid value of 30,000 lira produced the desired effect with Pr{yes to 30,000 lira} Ͻ 0.001% for each of the eight models. 15 This involves drawing observations from the real data set randomly, with replacement, to produce a simulated data set with the same sample size as the real data set. This was replicated 1,000 times for each model in Table 2. 16 Nuisance values are a possibility for the good in question, thereby making a strong case for the use of the median estimate, which assumes Ϫϱ Ͻ WTP Ͻ ϱ. The results in table 2 show the OOHB estimates to be more stable across the alternative OOHB models than the DB estimates are across the alternative DB models. This is especially true of WTP for DB.3, which suggests that the follow-up responses to a "yes" to the first bid are highly biased. A comparison of the confidence intervals for the DB model shows that the mean WTP measure masks some of the bias associated with the follow-up responses, in comparison with the median WTP. Finally, the main motivation for multiple-bound formats is to obtain greater efficiency than with the SB estimate. This goal is not achieved with the DB estimates: the multiple-bound DB welfare estimates all have higher coefficients of variation and wider confidence intervals than the DB.SB. On the other hand, the multiplebound OOHB estimates all have lower coefficients of variation and confidence intervals than the OOHB.SB estimate.
IV. Conclusion
This paper introduces the one-and-one-half-bound (OOHB) model as an alternative to the double-bound (DB) for discrete choice CVM. Aside from differences in how the follow-up bids are handled, the major distinguishing characteristics of OOHB with respect to DB is its prior announcement to the respondent of the uncertainty about the costs of the program whose value is being elicited. We demonstrate analytically that the move from single-bound (SB) to OOHB captures two-thirds of the gains in efficiency associated with the move from SB to DB. For our real-world data sets, OOHB demonstrated efficiency gains (in terms of coefficients of variation) over the SB and DB models. In fact, the DB was less efficient than the SB estimate, in spite of the additional information provided by the follow-up bids. Testing the DB model specifications with and without the follow-up bid information incorporated in the MLE, we find inconsistency imposed by the high follow-up bids; for example, the median (mean) welfare estimate without the lower bound was 2% (82%) the size of the estimate without the upper-bound data. This artifact may also be the cause of the efficiency decrease in the DB over the SB and OOHB models. The OOHB model demonstrated noticeably less sensitivity to the follow-up bids, with the median (mean) welfare estimate without the lower bound 88% (95%) the size of the estimate without the upper bound data. For our split data set, although the null hypothesis that the OOHB and DB welfare measures are the same cannot be rejected, the DB was somewhat pointless in that it did not improve upon the SB estimate in efficiency. Given that our application of OOHB shows it to have no obvious vices, it may serve as a viable alternative to the DB format in situations where follow-up response bias or sample design may be a concern.
